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With the implementation of family planning policy and underdevelopment of 
social security system, the elderly have to face the challenge of support in later life. In 
the context of China, traditional route of elderly support from adult children starts to 
collapse. Therefore, it is necessary to detect the determinants of elderly support. In this 
dissertation, I mainly focus on living arrangements and child migration to stress the 
importance of elderly support. In addition, keeping healthy can reduce the dependence 
degree from adult children for the elderly. From 2000 year, Japanese government 
introduced the long-term care insurance to stress the problem of elderly care. 
Particularly, the Japanese government started to implement preventive care programs 
from 2006 year. Consequently, using the municipality-level data from Japan, I also 
examine the effect of preventive care programs on the number of certified disabled 
elderly people. According to the empirical analysis of this dissertation, I expect to 
provide some evidence for policymakers to deal with the issue of elderly support. 
In Chapter 1, “Number of Children and Living Arrangements of the Elderly in 
China,” I examine the effects of the number of children on the living arrangements of 
married and widowed individuals using data from the 2008 wave of the Chinese 
Longitudinal Healthy Longevity Survey (CLHLS). While the literature offers mixed 
results owing to the endogeneity bias from the number of children, we use sex dummy 
variables of the first and second parity as instrumental variables to correct the bias and 
find that the number of children has a statistically significant and positive effect on the 
probability of cohabitation in both subsamples. Because son preference may face the 
problem of weak instrumental variable, I use twin dummy as instrumental variable to 
estimate the impact of children’s number on cohabitation and further confirm the 
robustness of my estimation results. According to my results, I confirm that additional 
child significantly increases the likelihood of cohabitation in married subsample and 
widowed subsample. I also find that the elderly in rural area are much more influenced 
than those in urban area. The likelihood of cohabitation with children will decrease due 
to the implementation of one-child policy in the future, which may induce the collapse 
of traditional forms for supporting the elderly. Therefore, it is necessary to strengthen 
the social security system for policy makers. 
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Table 1 Estimates of Living Arrangement Models (Married subsample) 
Estimation method Probit 2SLS 2SLS Ivprobit 2SLS 2SLS Ivprobit 
First parity male No Yes Yes Yes Yes Yes Yes 
Second parity male No No No No Yes Yes Yes 
No. Children 
-0.013*** 0.090 0.106 0.291** 0.185*** 0.183*** 0.419*** 
(0.004) (0.068) (0.073) (0.138) (0.069) (0.070) (0.081) 
Age 
-0.074*** -0.129*** -0.135*** -0.348*** -0.189*** -0.185*** -0.405*** 
(0.012) (0.037) (0.040) (0.047) (0.041) (0.042) (0.036) 
Age2 
0.000*** 0.001*** 0.001*** 0.002*** 0.001*** 0.001*** 0.002*** 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Sex 
0.012 0.037 0.048* 0.127** 0.067** 0.072** 0.160*** 
(0.016) (0.027) (0.028) (0.056) (0.030) (0.029) (0.048) 
Ethnicity 
0.085** 0.162*** 0.097** 0.225** 0.123** 0.095* 0.180* 
(0.040) (0.048) (0.044) (0.106) (0.057) (0.050) (0.109) 
Rural 
-0.025 -0.092** -0.062** -0.167*** -0.139*** -0.069*** -0.155*** 
(0.017) (0.046) (0.030) (0.056) (0.043) (0.026) (0.046) 
Education 
-0.004* 0.002 -0.001 -0.002 0.005 -0.001 -0.001 














































































Province dummy Yes No Yes Yes No Yes Yes 
Obs. 4,740 4,707 4,707 4,707 4,503 4,503 4,503 
First stage F- statistics        16.48 14.38 14.38 11.23 10.90 10.90 
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Sargan statistic - - - - 0.561 0.137 0.102 
P-value - - - - 0.4537 0.7117 0.7489 
Note: 1. Dependent variable: cohabitation with children (Yes = 1, No = 0). 2.*, **, and *** indicate statistical 
significance at the 10%, 5%, and 1%, respectively. 3. Sargan statistic for Ivprobit represents the Amemiya–Lee–
Newey minimum Chi-square statistics. 4. The figures in parentheses are robust standard errors. 
 
Table 2 Estimates of Living Arrangement Models (Widowed subsample) 
Estimation method Probit 2SLS 2SLS Ivprobit 2SLS 2SLS Ivprobit 
First parity male No Yes Yes Yes Yes Yes Yes 
Second parity male No No No No Yes Yes Yes 
No. Children 
0.011*** 0.184*** 0.165** 0.342* 0.450** 0.436** 0.459*** 
(0.002) (0.070) (0.065) (0.060) (0.189) (0.194) (0.024) 
Age 
0.013* 0.004 -0.001 -0.010 -0.040 -0.045 -0.051*** 
(0.008) (0.013) (0.012) (0.024) (0.032) (0.033) (0.020) 
Age2 
0.000 0.000 0.000 0.000 0.000 0.000 0.000*** 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Sex 
-0.040*** -0.019 -0.013 -0.023 0.018 0.014 0.016 
(0.011) (0.019) (0.017) (0.038) (0.039) (0.036) (0.033) 
Ethnicity 
0.057** -0.066 0.020 0.032 -0.215* -0.010 -0.015 
(0.023) (0.052) (0.034) (0.074) (0.123) (0.065) (0.066) 
Rural 
-0.002 -0.047* -0.043** -0.091*** -0.085* -0.072* -0.076*** 
(0.011) (0.025) (0.021) (0.030) (0.046) (0.039) (0.025) 
Education 
-0.003 -0.001 -0.003 -0.005 0.003 0.002 0.002 
















































































Province dummy No No Yes Yes No Yes Yes 
Obs. 10,732 10,602 10,602 10,602 9,800 9,800 9,800 
First stage F- statistics        14.88 15.68 15.68 3.4 3.05 3.05 
Sargan statistic - - - - 0.002 0.005 0.000 
P-value - - - - 0.967 0.9465 0.9911 
Note: 1. Dependent variable: cohabitation with children (Yes = 1, No = 0). 2.*, **, and *** indicate statistical 
significance at the 10%, 5%, and 1%, respectively. 3. Sargan statistic for Ivprobit represents the Amemiya–Lee–
Newey minimum Chi-square statistics. 4. The figures in parentheses are robust standard errors. 
 
In Chapter 2, “Child Migration and the Health Status of Parents Left Behind,” I 
investigate the causal effect of child migration on the health status of their parents left 
behind. I mainly focus on the respondents who are more than 50 years old and have 
only two children to simplify the situations of child migration. Using 2010 wave of 
China Family Panel Studies (CFPS), I employ propensity score matching method to 
correct the problem of self-selection and evaluate the causal effect of having migrant 
children on the health status of the elderly left behind. Results show that, in the case of 
one child migrating for work, child migration has no impact on the health status of their 
parents. As the substitutive relationship exists among child siblings, the child staying at 
home would provide more support to their parents and cancel out the impact of one 
child migration. The incentive of free riding for migrant children is very strong, which 
reduces the benefit of remittances for the elderly. To improve the health status of the 
elderly, it is necessary to  
 
Table 3 Estimation Results of ATT (50+ with two children) 
 
Matching method ATT Bootstrap S.E. Z 
First child 
migrated 
Nearest neighbor matching -0.017 0.047 -0.37 
Radius matching -0.007 0.043 -0.17 
Kernel matching -0.015 0.033 -0.46 
Second child 
migrated 
Nearest neighbor matching 0.016 0.054 0.30 
Radius matching -0.017 0.052 -0.33 
Kernel matching -0.018 0.039 -0.47 
 Note: 1. ***, ** and * represent significance at 1%, 5%, and 10% levels, respectively. 2. Standard 




Table 4 Estimation Results of ATT (60+ with two children) 
 
Matching method ATT Bootstrap S.E. Z 
First child migrating 
Nearest neighbor matching 0.065 0.106 0.62 
Radius matching 0.076 0.138 0.55 
Kernel matching -0.010 0.093 -0.11 
Second child migrating 
Nearest neighbor matching -0.029 0.125 -0.23 
Radius matching 0.070 0.203 0.34 
Kernel matching 0.027 0.108 0.25 
Note: 1. ***, ** and * represent significance at 1%, 5%, and 10% levels, respectively. 2. Standard 
errors are calculated using a Bootstrap with 500 replications. 
 
In Chapter 3, “Empirical Analysis of the Effect of Preventive Care Programs in 
Japan Using Municipality-Level Data,” I examine the effects of preventive care 
programs on the number of certified less disabled recipients for long-term care 
insurance. This paper contributes to the first empirical analysis on the causal effect of 
preventive care programs implemented by municipalities. I employ standard fixed effect 
model to estimate the results using municipality-level panel data. To obtain robust 
results, I estimate the results using three subsamples including the full sample, 
subsample A (exclude the municipalities implementing preventive care programs both 
in 2013 and 2014) and subsample B (different composition of preventive care programs). 
According to my findings, additional increase of total preventive care programs 
significantly decreases the number of certified less disabled recipients. When looking at 
the details of preventive care programs, I find that the number of physical activity (PA), 
dining party activity (DPA) and cognitive disorders preventive activity (CDPA) 
significantly decreases the number of certified less disabled recipients. While tea party 
activity (TPA) has no significant effect among all of the estimation results. Although I 
have confirmed the effect of preventive care programs, it is necessary to design new 
preventive care programs based on the disabled degree and reform old programs to 












Table 5 Estimated Results (Full Sample)  
 OLS1 FIX1 OLS2 FIX2 OLS3 FIX3 OLS4 FIX4 
 Support1 Support1 Support2 Support2 Longterm1 Longterm1 Longterm2 Longterm2 
RegA1 
Programs 
0.591** 0.071* 0.536*** -0.098** 0.162 0.007 -0.265 -0.122 
(0.241) (0.043) (0.181) (0.039) (0.176) (0.110) (0.244) (0.134) 
Covariates YES YES YES YES YES YES YES YES 
RegA2 
PA 
0.993** 0.153 1.067*** -0.225** 0.198 0.200 -0.377 -0.152 
(0.450) (0.094) (0.273) (0.097) (0.365) (0.200) (0.486) (0.280) 
Covariates YES YES YES YES YES YES YES YES 
RegA3 
DPA 
2.491*** 1.928 0.459 -0.560 1.138*** -2.481*** -1.902 -2.537 
(0.326) (1.271) (0.483) (1.242) (0.345) (0.909) (1.543) (1.588) 
Covariates YES YES YES YES YES YES YES YES 
RegA4 
TPA 
0.210 0.379 -0.052 0.169 -0.821 -0.764 -0.872 -0.277 
(0.860) (0.556) (0.951) (0.322) (0.967) (0.673) (0.647) (0.497) 
Covariates YES YES YES YES YES YES YES YES 
RegA5 
CDPA 
0.438** 0.113 0.439** -0.126* 0.391** -0.420*** -0.073 -0.532*** 
(0.171) (0.075) (0.223) (0.073) (0.191) (0.101) (0.140) (0.078) 
Covariates YES YES YES YES YES YES YES YES 
RegA6 
HA 
1.639* -0.137 1.839*** -0.312 0.559 0.373 -0.442 -0.056 
(0.917) (0.378) (0.578) (0.227) (0.628) (0.325) (0.795) (0.439) 
Covariates YES YES YES YES YES YES YES YES 
Obs. 3,078 3,078 3,078 3,078 3,078 3,078 3,078 3,078 
Note: *, **, *** denote statistical significance at the 10%, 5%, 1% levels, respectively. Robust cluster standard errors (clustering at 










Table 6 Estimation Results (Subsample A) 
 OLS1 FIX1 OLS2 FIX2 OLS3 FIX3 OLS4 FIX4 
 Support1 Support1 Support2 Support2 Longterm1 Longterm1 Longterm2 Longterm2 
RegB1 
Programs 
0.185** -0.002 0.278*** -0.081** 0.163* -0.185*** 0.073 -0.306*** 
(0.090) (0.055) (0.070) (0.040) (0.086) (0.065) (0.068) (0.064) 
Covariates YES YES YES YES YES YES YES YES 
RegB2 
PA 
0.533* 0.002 0.785*** -0.256** 0.512* -0.384 0.139 -0.871*** 
(0.285) (0.166) (0.203) (0.123) (0.279) (0.294) (0.212) (0.186) 
Covariates YES YES YES YES YES YES YES YES 
RegB3 
DPA 
2.414 -2.535 8.771** 0.237 7.163 -2.979* 2.236 -7.537*** 
(3.376) (3.714) (4.402) (1.670) (4.657) (1.580) (1.701) (2.784) 
Covariates YES YES YES YES YES YES YES YES 
RegB4 
TPA 
-0.266 -0.029 1.814 -1.225* 0.916 -1.168 0.454 -4.693*** 
(3.101) (1.411) (4.264) (0.689) (2.303) (1.975) (1.470) (1.761) 
Covariates YES YES YES YES YES YES YES YES 
RegB5 
CDPA 
0.555*** 0.062 0.657*** -0.172** 0.243 -0.460*** 0.157 -0.582*** 
(0.116) (0.105) (0.136) (0.083) (0.165) (0.133) (0.139) (0.103) 
Covariates YES YES YES YES YES YES YES YES 
RegB6 
HA 
0.077 -0.650 0.558 -0.885* 2.214* -3.076*** 1.548 -2.562*** 
(2.895) (1.420) (3.073) (0.475) (1.292) (0.996) (1.516) (0.854) 
Covariates YES YES YES YES YES YES YES YES 
Obs. 1,118 1,118 1,118 1,118 1,118 1,118 1,118 1,118 
Note: *, **, *** denote statistical significance at the 10%, 5%, 1% levels, respectively. Robust cluster standard errors (clustering at 








Table 7 Estimation Results on the Composition of Preventive Care Programs 
(Subsample B) 
 OLS1 FIX1 OLS1 FIX1 OLS1 FIX1 OLS1 FIX1 
 Support1 Support1 Support2 Support2 Longterm1 Longterm1 Longterm2 Longterm2 
PA & DPA & TPA & CDPA & HA 
Programs 
0.295*** 0.015 0.268*** -0.097** 0.038 -0.221*** 0.058 -0.268*** 
(0.069) (0.069) (0.083) (0.038) (0.106) (0.079) (0.082) (0.064) 
Covariates YES YES YES YES YES YES YES YES 
PA & DPA & CDPA & HA 
Programs 
0.295*** 0.0145 0.268*** -0.097** 0.038 -0.221*** 0.058 -0.268*** 
(0.069) (0.069) (0.083) (0.038) (0.106) (0.079) (0.082) (0.064) 
Covariates YES YES YES YES YES YES YES YES 
PA & DPA & CDPA 
Programs 
0.244*** 0.016 0.258*** -0.105*** 0.060 -0.214*** 0.046 -0.268*** 
(0.075) (0.066) (0.080) (0.036) (0.102) (0.078) (0.081) (0.062) 
Covariates YES YES YES YES YES YES YES YES 
PA & DPA & HA 
Programs 
0.286*** 0.022 0.290*** -0.105*** 0.085 -0.228*** 0.093 -0.251*** 
(0.065) (0.066) (0.086) (0.037) (0.104) (0.079) (0.082) (0.064) 
Covariates YES YES YES YES YES YES YES YES 
PA & CDPA & HA 
Programs 
0.319*** 0.024 0.298*** -0.118*** 0.101 -0.224*** 0.110 -0.289*** 
(0.069) (0.065) (0.081) (0.040) (0.108) (0.080) (0.084) (0.064) 
Covariates YES YES YES YES YES YES YES YES 
DPA & CDPA & HA 
Programs 
0.305*** 0.0150 0.270*** -0.098*** 0.040 -0.220*** 0.054 -0.268*** 
(0.071) (0.069) (0.082) (0.038) (0.106) (0.079) (0.082) (0.064) 
Covariates YES YES YES YES YES YES YES YES 
Note: *, **, *** denote statistical significance at the 10%, 5%, 1% levels, respectively. Robust cluster standard errors (clustering at 
the municipality level) are shown in parentheses. 
 
 
 
